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ABSTRACT 

In an atteapt to bridge the gap between acadeaic 
understanding and practical business use, the Box-Jenkins technique 
of tine series analysis for forecasting future events is presented 
with a ainiauB of aatheaatical notation. The aethod is presented in 
three stages: a discussion of traditional forecasting techniques, 
focusing on traditional techniques that relate to the Box-Jenkins 
aodel; a presentation of the key characteristics of the Box- Jenkins 
no'lel; and a detailed deaonstration of the aethod' s steps- A 
discussion of the technical requireaents needed to use the aodel, its 
cost versns that of other forecasting aethods, and the potential 
ar>as of its application conclude the paper. The aatheaatical 
rationale is appended. (Author/DW) 
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Abstract 

This article describes a rather nev approach to forecast ing^ the 
Box-Jenkine nethodology. The basic steps of the technique are presented 
as veil as a discussion of nhy the financial manager shoxild get better 
forecasts using this methodology. 
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Introduction 

This paper presents an introductory ieacription and application of 
the Box- Jenkins (BJ) technique of time series analysis for forecasting 
future events. The BJ method represents a rather nev and sophisticated 
approach to time series analysis that academiciatns have been using in 
recent years. However, little application has been found in the business 
coojmunity to date. This has been mainly due to its technical nature; pre- 
cluding ease of understanding by the avera^^e practioner. 

While academic studies using the BJ technique have shown it to be 

a highly successful short term forecasting tool, we ore aware of only a 

few ccmpanies who are presently using the technique. The principal user 

appears to be American Telephone and Telegraph, it hat been applied to 

forecasts of telephone installations, electric. power generation and 

1 

sales, indxiatrial coo^any sales and ccmmon stock price moves. 

We attempt to bridge this gap in Tinderstanding between the academic 
and business constun^by, by describing the BJ technique with a minimum of 
mathematical notation. By moving the reader through three stages, a 
basic understanding of th;'* technique is attained. The first stage dis- 
cusses traditional forecasting techniques; focusing on their basic struc- 
ture and their relationship to the BJ model. Stage two introduces the 
basic Box- Jenkins model, with it's key characteristics. In stage three, 
a detailed exsmple is given to demonstrate the steps an analyst moves 
through in applying this methodology. Columbus and Southern Ohio Electric 
Company monthly power generation provides the basis for this illustrative 
case study. 
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The paper concludes with a diecuasion of the technical or skill le/el 
requiresients to work with the methodology, its cost versus other fore- 
casting nethods, and potential aweas of application. For the interest'^d 
reader, the appendix contains a mathematical development of material 
covered in the body of the paper. 
Traditional Forecasting Approaches 

In general, there are three basic approaches to forecfcstlnR: 

1. Qualitative Judgnents 

2. Q\)antitative Models - Considering External Variables 

3. Quantitative Models - Tiae Series. 

Qualitative forecasts usually rely upon individual experience and intuition 
nixed with market surveys. The principal benefits of such forecasts grow 
out of the fact that historical data is often not available for quantitative 
nodellng and such forecasts can be quickly prepared. There are a nunker 
of disadvantages in using qualitative Judgjsents, however. First, the 
manager ndght easily forget to consider the influence of certain factors 
which could have been identified aci accounted for In an organized quantita- 
tive iDodel. Second, forecasts could well be influenced by the nood of the 

forecaster; such that the forecaster might make two different forecasts 

2 

when presented with the same facts at two different times. Finally, it 
is diffictilt for many individuals to assign an indication of the probable 
variation around expected demand. Most managers singly are not trained 
to think in terns of standard deviation and statistical msasuremerA of risk. 

In order to eliminate such problems Inherent in qualitative forecasts, 
an Increasing nuniber of firms have begun utilizing quantitative forecast 
techniques^ Quantitative techniques which rely upcm a set of external 

6 
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(exogenous) factors to explain the variiLl)Io being forocsst are ofte ■ q^i't ? 
uS'?rul - in particular when tf»kinf? long range forecasts. Least squiircc 
regression analysis represents one such technique that falls into this 
classification. Hcwever, such forecasts have tvo shortcomings. They 
lead to good forecasts only as long as the relationship between the depend- 
ent variable and explanatory variables remains constant. This is certainly 
a major difficulty in periods of rapid socio-economic 

change. Secondly, they require an extensive investigation of potential 
explanatory factors. This is a time-consuming and costly process which 
should only be entrusted to those well trained in statistical analysis. 

The third approach to forecasting utilises past trends in the variable 
being forecast to estimate the Mature. Such techniques are referred to as 
time series analysis. They are most useful when the mnager is faced with 
relatively short planning horizons - ranging froo a few wetfka to a few 
years - and the need for new forecasts Is repetitive. 

Historically, the two approaches utilized to exaalne tioe series have 
been autoregression L**] and moving average (including exponential smoothing) 
r2][lC] models. In an antoregresslve model, the present level of the fore- 
cast variable is said to be a function of prior levels of the variable plus 
so«ne unforeseen randoB shock which occurs in the present period. In a 
moving average model, the present level of the forecasted variable is said 
to be a function of previous unforeseen random shocks which have occurred 
plus the unforeseen shock which occurs in the present period. Notice the 
subtle difference which exists between the two techniques. 
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The two technlquea will riOt lead tf) the earoe set of forecast vm5uf?8 
since each model la bated upon different modeling strategies. An ant >- 
regressive model represents the current observation of a series as a 
linear cooiblnatlon of previous values that explain the current obser- 
vation. Thus, the value of the prior obser Ions Indicate the appro- 
priate forecast. On the other hand, a moving average model tracks upon 
prior forecast, errors to Indicate the appropriate forecast. 

A signlflcjit problem could arise if the series Is modeled usinf? 
one or the other of the two techniques when, in fact, it actually follows 
sostt mixture of the two processes. .Tn most situations there is no a 
priori way of telling which process is the most appropriate. Ir.o method- 
ology suggested by Box ami J.-nXms [i] repr^^bcnts n systematic approach 
to modeling and forecast ins diijcrctti time sarits-j using a combined auto- 
rcRTcssive-rooving average model and should generally lead to the best 
forecasts available. 

There are two basic reasons why the BJ methodology leads to better 
forecasts than traditional forecasting methods and thus should be pre- 
ferred to them. First., using traditional approaches the forecaster would 
more or less arbitrarily select a specific forecasting model. For example, 
in estimating seasonal cash collections he might decide to use an exponen- 
tial smoothing model when in fact sonie form of a mixed autoregressive- 
moving avera.'a;e model would be more preferabl«j. The methodology proposed 
by Box and Jenkins begins with a broad generalised model called an Auto- 
regressive Integrated Moving Average Model (ARIMA), which is inclusive of 
all possible separate model coiribinations of moving average and autoregressive 
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modela. Using this bro»»d tnodt*) the forecaster rttlonally backs into an 
appropriaite model » He does not ftrbitrarily decide to pick, say, an aut 
regressive function but instead eliminates inappropriate models until hr 
is left with the most suitable one. Second, the specific form of a River 
mo-tel which is to be used has traditionally been the result of s trlal- 
anH -error procedure with a good deal of experience and intuitive .judg- 
ment thrown in. Box at^d Jenkins, however, present a rational, structured 
approach to the determination of a specific model. Certainly experience 
and judgment must remain, but their structured approach eliminates var- 
ious hit-and-miss tactics. 

In thi next section, the principal concepts behind the Box and 
JenXins model are developed. The presentation is kept at a fairly low 
level and as ncm-quantitative as possible in the hope that non-statisti- 
cians will understand what really is going on. Those interested in n more 
detailed and sophisticated approach should examine (in ascending order 
of difficulty) the papers by Mabert and Radcliffe r?], Ferratt and Mabert 
[6], and Tiao and Thompson [9]. In addition, the appendix provides a 
more extensive and .nathematlcal development of the model than given here. 
The Basics of the Box- Jenkins Model 

Let us assume that a budget director wishes to lorecast cash 
receipts by analysing historical patterns. The BJ technique does not 
atteupt to analyze actual levels of the forecasted variable but, instead, 
to model the difference between the variable level and it's mean value. 
We will continue to follow this convention, such that will refer not 
to receipts in any month t but, instead, to the difference in receipts 
In month t and the mean value of receipts. The ARIMA model for such 
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receipts c&n be expreised as: 

ARUHk MODEL 

• variable 



Dependent 
variable 

Autoregresalve 



Moving Averorc: 

* ®o ' Vt-1 " 2*t-2 " • • • • Vt-Q Portion 
4. (1) Shock 



Term 



The 0*i and 6*8 respect Ivels' represent the autoregrcsslve and aovlnR 

average coefficient values nhlch we vish to estimate. The p and q terms 

represent the nunber of periods hack which ve actually model, while the 

a. terms represent unforeseen random shocks occurlng in period t. Finally, 
x» 

fl^ represents a deterministic trend constant which is usually equal to 
zero since most processes are dynamic and continually changing in trend. 

A question may come to nind as to what a^ represents and why a 
negative, weight (-9) is present in equation (l). The a^s^ represents the 

forecast error, defined as a. ^ « (R. R. „), where indicates the 

v»q t-q t-q 

forecasted value. The negative weights are the coRBion nomenclature used, 
and is therefore employee, nnd the weight values need not be positive or 
sum to unity [p. 10, 1]. 

The ARXMA model of equation (1) is based upon the crucial assumpt*> 
ion that the times series is ncamally distributed around some constant 
mean, ^niat is to say the tine series is "stationary" as illustrated in 
Exhibit la* Of course » stationary series are more the exception than the 
rule in most business situations due to existance of business cycles and 
changes in consumer preferences and desires. Examples of non- stationary 
series would be housing starts and sto-:k market prices. Compare their 
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Exhibit 1. Common Time Series 



a) Stotlonory Series 



2.6 



b) Housing Storts 
(Millions) 



1.2 



1970 



Time 




1974 



860 



c) Dow Jones Averages 
Industrials 



720 




Moy 1974 
11 
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movementt &s »hown in Rxhlbiti lb *ntl let Mith the etationary spries in 
Exhibit 

Luckily, most non-stationary series, which have changing means over- 
time can be easily converted into stationary ones by a simple transforma- 
tion called "differencing." Using the differencing technique, one obtains 
the differences froaa a mean that changes over time. For example, assume 
June cash receipts, , are $5,CXX) and July receipts, , are $7, WO. 

V t*l 

The value plotted for July is not $7,000 but, instead, the difference 

between the July and June receipts of $2,000. Such a transformation will 

allow us to obtain a reasonably stationary series of cash receipts, which 

we'll define as SR^ (stationary receipts in t). Mathematically, one would 

calculate SR. as 
t 

^\ h' \.i 

To illustrate graphically how such a differencing procedure will 

transform a non-stationexy series Into a stationary one, examine Exhibit 

2. Section a of the exhibit represents the historic values of cash receipts 

as plotted over time. Section b represents the plot of R values over time, 

i.e., the plot of cash recwl^is (from section a) minus the mean level of 

receipts. The non-stationarity inherent in both sections a and b is quite 

apparent. However, by simply taking "first differences" (SR.- R^- R^ ,) 

t t t-l 

a reascmabXy stationary series is created as shown in section c. The 
desirability for having a stationary series is dlcussed soon. It turns 
out to be the crux of c^el identlfieatioo, 

Nov vt can rewrite the cash receipts ARIMA aodel of equation (1) to 
explicitly account for the fact that ve are Modeling and forecasting a 
stationary tine series, the new ARIMA differs Tram the first only in that 
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Exhibit 2, Sample Times Series 



a) 



b) 



c) 
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Is replaced by SR^ as follovss 

o 1 t-1 2 t-2 q t-q t 

Notice that the final estinated ao^el need not include both autoregrestive 
and moving average terms as any, or aU, of the 0*s and O's could enter 
with a zero. Hai*ever, the model is sufficiently general to handle all 
possible combinations of autoregressive and moving average terns. 
The Box-Jenklns Model Development Strategy 

Based upon the stationary ARIMA model, Box and Jenkins suggest a three 
step iterative process to reach a satisfactory predictive model. These 
Tihree steps are Identification , Estijnation , and Diagnostic Checking ; which 
we shall cover in the next section. To illustrate these three steps, 
Columbus and Southern CSiio Electric Company's (CSOE) monthly power genera- 
tion is used as a case study. 
Identification Procedure: 

The first step requires the analyst to examine the tixs» series for 
outliers (extreme values) and trends. If explainable outliers are present, 
some form of adjustment may be required by the analyst, such as substituting 
the average value f'^ this extreme observation. The presence of a trend 
indicates the need for differencing. Exhibit 3 presents a plot of CSOE 
monthly kilowatt sales for a seven year period of 1965-1972. Notice that 
no outliers are present. However, there is a strong iqpward trend, punc- 
tuated 'ifith seasonal variations with increasing magaitude, occurring at 
twelve month intervals. This h&s important implications on bow we can 
obtain a stationary series. The time series should exhibit the same level 
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of variation over the whole range, which it does not. However, a simple 

log transformation of the original series (K^) allows one to easily h^nalc 

thia issue (K' « log K. ) and obtain a series with the proper characteristic 
t *» 

The presence of this trend with a seasonal fluctuation indicates that dif > 

ferencing is necessary to obtain a stationary series; (KWH^). At this 

point the analyst would investigate both regular differencing (KWH^ «= 

K* * K • ,) and seasonal differencing (KWH. " K* - K* «) to attain a 
t t-i t t t~ij; 

stetionary series. Both are investigated becauise we are not sure that 

the trend is a function of one month to the next or from one month in a 

k 

year to that same month in the prior year. 

Determination of which differencing pattern is appropriate comes from 
analyzing the resulting series via the sample autocorrelation function. 
Just aa the mean amd standara deviation describe the central tendency and 
dispersion of the set of observations, the saciple autocorrelation measures 
the relationship between interdependent observations; i.e., the correlation 
between periods. Calculating the autocorrelation for observations lagged 
one period apart, two periods apart, and so on to k periods apart allows 
the analyst the capabi^it" of inferring what the underlying data generat- 
ing process is (autoregressive, moving average, ARIMA). By plotting such 
"sample autocorrelation coefficients" for various lags, one can begin to 
see the relationship which might exist between the interdependent observa- 
tions. Theoretical autocorrelations for differing lags eure known for each 
of the alternative models we might examine. One compares the actual auto- 
correlation values with the theoretical values for the different possible 
models and select that model for which the theoretical values best approx- 
imate the actual values. 
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Exhibit k depicts commoti patterns for different autoregressi^^e and 
moving average models* Autoregressive processes have autocorrelation 
coefficients which start with high values and gradually decrease as the 
lag increase. This is illustrated in first and second order models shown 
in the exhibit. Moving average processes exhibit large values (spikes) 
that indicate the appropriate order of the model. When a mixed process 
is present, we cannot identify the canplete model at this stage. Rather, 
we start with the autoregressive model indicated by the sample autocorrela- 
tions pattern and let the diagnostic step of the BJ method indicate the 
appropriate improvement. 

Let us now examine the sample autocorrelation pattern for a "regular" 
(month to month) and "seasonal" (year to year) differencing of the CSOE 
power generation data as shown in Exhibit 5. Notice that the sample auto- 
correlation of the "regularly differenced" series (Exhibit 5a) exhibits 
neither a systematic decaying pattern nor large dominating spikes — sug- 
gesting that a model based upon one month differencing is inappropriate. 
However, the "seasonally differenced" series (E/hibit 5b) suggests that 
a reasonable differencing scheme might have been found. In particular, 
the decaying pattern is indicative of an autoregressive process and the 
sinusoidal movement suggests that the autoregressive model be of "second 
order." Exhibit k contains a theoretic pattern for a second order auto- 
regressive process which looks wnazingly like that of the series in Exhibit 
5b. Given this similarity we would originally postulate a second order 
autoregressive model to explain power sales in any month (KWH. ) as follows: 
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Exhibit 5 CSOE Sample Autocorrelations 



a) Sample Autocorrelations Regular Differencing 
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Estimation: 

Cnce a tentative nodel has been identified, the unKnovn parajneters 
(4*8 and <*'s) are estimated by minimising the siaa of squared residuals 
the (a terms) for the tentative model. Computer routines utilizing an 
iterative non -linear estimation procedure are generally uaed. such an 
algorithm yielded * M9 and = .256 for equation (U). 
Diagnostic Checking: 

vniat represents an optimal time series model? One in which all the 
infonaation vhich the paat might provide about the future is captured, 
if this is the case and if we have found the optimal model, then whatever 
forecast errors (differences betvieen actual values and forecast values) 
remain will be completely independent of prior variable levels or errors. 
This is true simply because ail past infortration has been captured in our 
model so forecast errors cannot be related to historic observations. Fore- 
cast errors in the nodel are pure random events! 

We can use this concept to diagnostically check the estimated model. 
In particular, the autocorrelation coefficients between vsa-ious lags of 
the forecast errors (a. ) ^re examined. Provided the model is adequate, 
these residual errors will be independently distributed with a mean of 
zero. A portmanteau chi square statistic provides a valuable tool to test 
this condition [1, pp. 195]. Also, if the a^ values are not appropriately 
distributed, the pattern, of the residual autocorrelation coefficients should 
indicate the direction of possible model improvemant. 

Exhibit 6a contains the residual sa»ple autocorreUtion for equation 
(1*). Notice that a large value exists at the twelth lag. The chi square 
test at 95 per cent confidence level rejects the hypothesis that the model 
it adequate. 
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Exhibit 6. CSOE Residual Sample Autocorrelatlcns 



a) Residual Sample Autocorrelation for 

Equation (4) 
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b) Residual Sample Autocorrelation for 

Equation (5) 
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Repeating Identification, E8t;iu*ition And Oiagnottic Checking: 

An analysis of the residual sample autocorrelaticm pattern provides 
the direction for improvement. A large value at the kth lag indicates the 
need for a moving average coefficient of order k. As noted Exhibit 6a 
shows a large value at the twelth lag, indicating the need for a twelth 
order moving average coefficient. Thus, we have noir identified a new 
model to estimate and diagnosticaly check. The following equation repre- 
sents the new model. 

KWH^ « KWH^,^ + 83 KWH^,2 - ^a^t.ia'' *t 

new tern 

The analyst now estinatts the coefficients for equation (5). The 
following values were obtained, 

0^ » .6U3 02 - .3UI « 

Disgnoftlc checking is repeated, with the sample autocorrelation of 
the residuals plotted In Exhibit 6b. No large values exist and the chl 
squate test indicates that equation adequately represents the tline series. 
In general, the analyst would continue to repeat the three steps of identi- 
fication, estlioatlen, and dl:.jiiostlc checking until an adequate model Is 
obtained. 
Forecasting 

With an adequate model selected, the nest step would be to forecaat 
future events. In the prior section, the last twelve months of dats wer« 
withheld from the time series during the identification, estimation, and 
diagnostic checking steps. Forecasts of these twelve months are made 
using equation (5) and compared with actual observations in Exhibit 7. The 

22 

o 

ERIC 



.19- 




mean abtoXute percent error tor tbese twelve observations is ^.U6%, indicat- 
ing fairly reliable forecasts. Also depicted in Exhibit 7 are the upper 
and lover 9?% confidence limits of the forecast. 
Sunanary ReaarKs 

There is little doubt that the use of Box-Jenkins methodology as opposed 
to simple trial and error autoregressive or moving average models will 
lead to more efficient model development and better forecasting accuracy. 
This is due to two fundamental reasons: 1) the systematic selection of 
potential models as opposed to simply pulling model candidates out of 
the air end 2) the fact that the model allows for all possible conibinationa 
of autoregressive and moving average models. 

However » a few caveats might be appropriate at this point. First » 
• only a limited anount of research as i;>cen conducted* ccxnparing the BJ tech- 

nique against other methods. The evidence to date does not allow us to 
draw conclusions on the comparative performance of the BJ approach to 
other methods (Tjfsl. The true test of its quality lies in the pric- 
titioners use. Second, the educational requirements of the analyst to 
use this technique are hi^ther than other methods. Yet granting that 
exponential smoothing Is simple relative to BJ, this should not preclude 
the use of BJ. In fact» an individual with a baccalaureate in industrial 
engineering could easily handle it's technlcr-1 requirements. 

Finally, the cost of the BJ method is greater than some other methods. 
ChaiiA>ers, MurlicK, and Smith [3] give a general estimate of $10 for a BJ 
forecast. Mabert [6] reports that there if a 20-Uoi% increase in personnel 
time, representing one to four man-hours, and a 3% increase in cofq>uter 
CPU Time (.3 seconds) for the BJ method versus exponential smoothing for 
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maXing forecaats. 

Yet i*e honeatXy believe that In the hands of a qiialified analyst, the 
BJ technique could be a valuable forecasting tool for sany business situs* 
tion. The methodology is appropriate in situations where the variable 
being studied appears to exhibit basic long run trend with major cyclical 
and seasonal patterns. Exao^les would include: 

1) deposit levels of a counercial bank 

2) sales demands for seasonal "necessary" consuoer goods 

3) accounts receivable collection rates 
k) employee absenteeism 

3) machinery breakdowns 
This is certainly not an all inclusive listing but simply illustrative of 
possible usages. 
Conclusions 

To date, academic literature is replete with various capital budget- 
ing, inventory, receivable, etc. optimization models. But very little 
attention has been devoted to how an analyst might obtain the forecasts 
of variables required in *uch models. In this paper we have presented 
the basics of a systematic approach to forecasting via time series analysis ; 
Box-Jenkins methodology. The Box-Jenkins methodology is more systematic 
than the hit and miss tactic prevalent today and, if properly followed, 
should lead to smaller forecasting errorc. The methodology consists of 
1) an identification procedure for selecting potential models from a 
generalised mixed autoregressive-moving average model, 2) the estimation 
of model parameters and 3) an approach to diagnostically check the models 
to determine if improvements can be made. 
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To date, the technique haa not been utilized extensively by practic- 
ing financial forecasters. This is most likely due to the rather recent 
develop»ent of the methodology. However, it has been shown to be of 
practical usefulness is a number of emplricaa academic studies and, hope- 
fully, as practitioners become more Knowledgeable of its benefits, the 
technique vill gain more widespread acceptance. 
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Appendix 

The general model proposed by Box and Jenkins can be written as 

where is a stationary series » i.e., the observations vary about some 
mean; is a deterministic trend constant; the a. are independent N(0,o ^) 
shocks, or 'Vhite noise;" and ?^p(B) and ®q(B) are polynomials in B of 
order p and q respectively where 

0^(3) « 1 - 0y - 038^ . ^^B^ - . 0pBP, 
and (A .2) 

0„(B) « 1 - e.B^ - 0«B^ - ©,B^ - ... - OB** 
q 12^ q 

where B is a backshift operator such that BT » Y . Hie definition 

« t—i 

of a backshift operator provides a convenient means of noting manipulation 
of the series. For example 

As can be seen, the exponent; of the backshift operator determines the 
appropriate amount of backward shifting. 0 (b) is called the autoregressive 
operator and ©q(B) is called the mo\rlng average operator. To Illustrate, 
an autoregressive operator such as 

02(B) = (1-03^B - 0^3^) (A.U) 
can be applied to Y. and expanded such that 

V 

(l.(i(jB-0/)Yt . Y^ - «^Yt.;i - 02Y^.2 (A.5) 
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where and 0^ are parameters to be estinnted. The movlnp; averare 
operator can be applied similarly to the a^» 

The stationary series my frequently be achieved by appropriate 
differencing of the original series. It is desirable to transform a 
non- stationary original series, via rep^lar and seasonal differencing, 
into a stationary series to allow appropriate identification of a specific 
model. Thus ve luay express 

« (i-B)^i-B^)^2;^ (A.6) 

wiere 2. Is the original series; d is the number of regular differences; 
s is the length of the season, such as 12 for a yearly season; and d] is 
the number oT seasonal differences. 

By substituting for in (A.lX the general class of models nay be 
written as 

0p(B)(l.B)**(l-B®)'^Z^ = + ©^(B)a^ (A.7) 

Such a model is said to be of order (p,d,dl,q.). 

The general model of (A.?) can be expanded to represent seasonal 
series. Seasonal autorep^essive and moving average operators 
and e -(B®) and Q ^(B*) can be added so ttiat the general model is of the 
form 

0p(B)0p^(B")(l.B)'*(l-B^)**\ « + (A-®^ 
The seasonal operators are similar to the regular operators described in 
(A .2). 

The saiaple autocorrelation ftmctlon is defined as 
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whcre is the sample autocorrelatiuu for laR k, n is the n\ii*>er of 
observations, and Y is the saaple mean. 
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Footnotes 

For example, see Tiao and Thompion [11} for forecasting applications 
in telephone call demand, Habert and Radcliffe [9] for electrical peak 
load analysis, and Box and Jenkins [1] for stocK price forecasts. 

There is considerable evidence that mechanical, (i.e., quantitative) 
forecasts are - on the average - as good as, or better, than forecats 
prepared by "experts." Illustrative of this is an investigation by 
Elton and Gruber [5] of the accurace of security analysts in fore- 
casting E.P.S. One would generally believe that analysts are experts 
in their area and should provide reasonably good estimates of earnings. 
However, they concluded that simple exponential smoothing and auto- 
regressive models were able on average, to project earnings at least 
as well as analysts. 

Far a clear and concise discxassion of the pros and cons of alternative 
forecasting tools, see Chambers, Mullick and Smith [3]. 

There are occasions when the appropriate differencing patterns are not 
easily identified. In such a case, the analyst would Just have to try 
various i>atterns. 



30 



RJCnSlEKCES 

1. G.E.P. Box> and G.M. Jenkliw, Tiwe S^riei Ai»lytlt; Foreotting 

Mid Control . San Pr«nci«col Hoden-DBiy, 197C, 

2. R.G. Broim» Saoothlng, ForecattAng, and Prediction of Diacrete T±at 

Seriet . Englevood CU^fa. W.J. ; Prentice>Hall> igfe^l 

3. J.C. caiaabera, S.F. Mullick and D.D. Smith, "How to CJiooae the Right 

Porecaating Technique," Harvard Buaiaeea Review . Vol. Ii9, 
(j^Oy-Auguat, 1973). 

R.K. Chiaholm and G.R. Whitaker Jr., Forecaating Methoda . Hooewood, 
111.: Richard D. Irwin, Inc., 1971. 

5. E.J. Elton and M.J. Gruber, "Bwrninga Eatiaatea and the Accuracy of 

Expectlonal Data," Manageaent Science . Vol. l8, (19T2). 

6. T.W. Ferratt and V.A. Mabert, "A Deacription and Application of the 

Boic-Jenkina Methodology," Peciaion Sciencea . Vol. 3, (1972). 

7. G. Groff , "lB5>erical Con^^rlaan of Kodela for Short Range Forecaating", 

Management Science . Vol. 20, (1973). 

8. V.A. Mabert, "Short Rftnge Forecasting: A Caae Study of Ti«e Series 

Analyaia Veraus a Sales Force - Executive Opinion Approach", 

Woriting Rtper, Krannert Graduate School of Induatrial Adnlniatratlon, 

Purdue Unlveraity, weat Lafayette, Indiana, (197^). 

9. V.A. Mabert and R.C. Hadcllffe, "A Forecaating Methodology aa Applied 

to Financial Tine Seriea," The Accounting Review . Vol, XIJM, (197U) . 

10. H.E. Thoaqaaon and L.J. Krajewaki, "A Behavioral Teat of Adaptive Fore- 

casting," DecljiiOT^Sciencee, Vol. 3, (1972). 

11. G.C. Tlao and H.E. Thcx^^.,an, "Analyaia of Telephone Date: A Oaae Study 

of Forecaating Seaaonal Tiae Seriea," The Bell Journal of Econo ~ 
aics and Management Science , Vol. 2, (197I). 

12. P.R. Wintera, "Forecaating Salea by Ejcponentially Weighted Moving Aver^ea," 

Manageiaent Science . Vol. VI, (i960). 



31 



ERIC 



INSTITUTE PAPERS 



The following Is a listing of Institute Papers which are still in supply. 
Copies may be obtained from the Secretary of the Institute Paper Series, 
Krannert Graduate School of Industrial Administration, Purdue University, 
West Lafayette, Indiana 47907. 

When requesting copies, please specify paper number. NOTE: Distribution 
limited to ten (10) items. 

Paper 

No. Title and Author (s) 

lOl Keith V. Smith, CUSSIFICATION OF INVESTMENT SECURITIES USING 
MULTIPLE DISCRIMINANT ANALYSIS. 

161 James M. Holmes, THE PURCHASING POWER PARITY THEORY: IN DEFENSE OF 
GUSTAV CASSEL AS A MODERN THEORIST. 

162 John Dutton and William Starbuck, HOW CHARLIE ESTIMATES RUN-TI>E. 

187 Robert V. Horton, A SUGGESTED NEW MONETARY SYSTEM: THE GOLD VALUE 
STANDARD. 

189 John J. Sherwood and Mark Nataupsky, PREDICTING THE CONCLUSIONS OF 
NEGRO-WHITE INTELLIGENCE RESEARCH FROM BIOGRAPHICAL CHARACTERISTICS 
OF THE INVESTIGATOR. 

226 Edward Ames, THE FIRM AS AN AUTOMATION. 



242 Keith C. Brown, ESTIMATING FREQUENCY FUNCTIONS FROM LIMITED DATA. 

243 John 0. Summers and Charles W. King, OPINION LEADERSHIP AND NEW 
PRODUCT ADOPTION. 

265 Frank M. Bass, APPLICATION OF REGRESSION MODELS IN MARKETING: 
TESTING VERSUS FORECASTING. 

268 James C. Moore, ON PARETO OPTIMA AND COMPETITIVE EQUILIBRIA. PART I. 
RELATIONSHIP AMONG EQUILIBRIA AND OPTIMA. 

269 James C, Moore, ON PARETO OPTIMA AND COMPETITIVE EQUILIBRU, PA)IT II 
THE EXISTENCE OF EQUILIBRIA AND OPTIMA. 

275 Patric H. Hendershott, THE FULL-EMPLOYMENT INTEREST RATE AND THE 
NEUTRALIZED MONEY STOCK. 

282 E. A, Pessemier & R. D. Teach, DISAGGREGATION OF ANALYSIS OF 

VARIANCE FOR PAIRED COMPARISONS : AN APPLICATION TO A MARKETING 
EXPERIMENT. 



er|c 32 



1 -2- 



283 John V. Nevers, MARKET RESPONSE TO INNOVATION, FURTHER APPLICATIONS 
OF THE BASS NEW PRODUCT GROWTH MODEL. 

284 James A. Craft » PROFESSIONALISM, UNIONISM, AND COLLECTIVE NEGOTIATION: 
TEACHER NEGOTIATIONS EXPERIENCE IN CALIFORNIA. 

285 Thomas F. CarglU and Robert A. Meyer, A FREQUENCY DOMAIN TEST OF THE 
DISTURBANCE TERM IN LINEAR REGRESSION MODELS. 

286 Edgar A. Pessemier, EVALUATING ALTERNATIVE PROPOSALS AND SOURCES OF 
NEW INFORMATION. 

287 Frank M. Bass and Neil E. Beckwith, A MULTIVARUTE REGRESSION ANALYSIS 
OF THE RESPONSES OF COMPETING BRANDS TO ADVERTISING. 

288 Keith C. Brown, ASSESSING REGULATORY ALTERNATIVES FOR THE NATURAL GAS 
PRODUCING INDUSTRY. 

289 D. Clay Whybark, TESTING AN ADAPTIVE INVENTORY CONTROL MODEL, 

291 William K. Holstein and William L. Berry, THE LABOR ASSIGNMENT DECISION: 
AN APPLICATION OF WORK FLOW STRUCTURE INFORMATION. 

295 Robert C. Cummins and Donald C. King, THE INTERACTION OF GROUP SIZE AND 
TASK STRUCTURE IN AN INDUSTRUL ORGANIZATION. 

296 Edgar A. Pessemier and Norman R. Baker, PROJECT AND PROGRAM DECISIONS 
IN RESEARCH AND DEVELOPMENT. 

297 Edgar A. Pessemier, DATA QUALITY IN MARKETING INFORMATION SYSTEMS, 

298 Edgar A. Pessemier and Thomas Hustad, SEGMENTING CONSUMER MARKETS WITH 
ACTIVITY AND ATTITUDE MEASURES . 

* 

300 Charles A. Trltschler, DILUTION AND COUNTER- DILUTION IN REPORTING FOR 
DEFERRED EQUITY. 

303 K. R. Kadiyala, ON PRODUCTION FUNCTIONS AND EUSTICITY OF SUBSTITUTION. 
305 Akira Takayama, A NOTE ON MONEY AND GROWTH, 

309 Paul V. Johnson, WAGES AND HOURS AS SIGNIFICANT ISSUES IN COLLECTIVE 
BARGAINING. 

311 Ba sheer M. Khumawala, AN EFFICIENT HEURISTIC ALGORITHM FOR THE WARE- 
HOUSE LOCATION PROBLEM. 

312 M. H. Rucker and D. C. King, REACTIONS TO LEADERSHIP STYLE AS A 
FUNCTION OF PERSONALITY VARIABLES. 

314 Frank M. Bass and Darrall G. Clarke, TESTING DISTRIBUTED LAG MODELS 

OF ADVERTISING EFFECT - AN ANALYSIS OF DIETARY WEIGHT CONTROL PRODUCT 
DATA. 



ERIC 



33 



I 



-3- 



317 Mohamed El-Hodirl and Akira Takayama, BEHAVIOR OF THE FIRM UNDER 
REGULATORY CONSTRAINT: CLARIFICATIONS. 



328 Patric ri. Hendershott, THE EXPECTED RATE OP INFLATION BEFORE AND 
AFTER 1966: A CRITIQUE OF THE ANDERSEN-CARLSON EQUATION. 

332 Russell M. Barefield and Eugene E. Cotnlskey, THE SMOOTHING irSTPOTHESIS: 
AN ALTERNATIVE TEST. 

333 Herbert Moskowitz, CONSERVATISM IN GROUP INFOR^TION PROCESSING BE- 
HAVIOR UNDER VARYING MANAGEMENT INFORMATION SYSTEMS. 

334 Herbert Moskowitz, PRIMACY EFFECTS IN INFORMATION PROCESSING BEHAVIOR - 
THE INDIVIDUAL VERSUS THE GROUP. 

339 Frank M. Bass, UNEXPLAINED VARIANCE IN STUDIES OF CONSUMER BEHAVIOR. 

340 R. C. Roistacher and John J. Sherwood, THE PRODUCTION FUNCTION AS A 
MODEL OF THE REQUIREMENTS OF THE INFANTRY SERGEANT'S ROLE. 

341 William L. Berry and F. W. Bliewel , SELECTING EXPONENTIAL SMOOTHING 
MODEL PARAMETERS: AN APPLICATION OF PATTERN SEARCH. 

344 H. L. Fromkin, R. L. Dlpboye and Marilyn Pyle, REVERSAL OF THE ATTITUDE 
SIMILARITY-ATTRACTION EFFECT BY UNIQUENESS DEPRIVATION. 

347 Herbert Mojjkowitz. THE VALUE OF INFORMATION IN AGGREGATE PRODUCTION 
PUNNING - A BEHAVIORAL EXPERIMENT. 

348 Edgar A. Pcssemier, A MEASURJ^MENT AND COMPOSITION MODEL FOR INDIVIDUAL 
CHOICE AMONG SOCIAL ALTERNATIVES. 

349 Akira Takayama. THE NEOCLASSICAL THEORY OF INVESTMENT AND ADJUSTMENT 
COSTS . 

350 D. Clay Whybark and Basheer M. Khutnaw^la, A SURVEY OF FACILITY LOCATION 
METHODS. 

351 Martin Patchen, THE LOCUS AND BASIS OF INFLUENCE ON ORGANIZATION 
DECISIONS. 

352 Robert V. Horton, A PLEA FOR A FOURTH TRADITION - AND FOR ECONOMICS. 



354 Robert V. Horton, STUDENT APPLICATIONS IN A PRINCIPLES COURSE OF 
ECONOMIC ANALYSIS TO SELF- DISCOVERED ITEMS, 

355 Basheer M. Khumawala, BRANCH AND BOUND ALGORITHMS FOR LOCATING 
EMERGENCY SERVICE FACILITIES. 



o 34 

ERIC 



1 -4- 



357 Basheer M. Khumawala, AN EFFICIENT ALGORITHM FOR CENTRAL FACILITIES 
LOCATION. 

358 James L. Ginter and Frank M. Bass, AN EXPERIMENTAL STUDY OF ATTITUDE 
CHANGE. ADVERTISING AND USAGE IN NEW PRODUCT INTRODUCTION. 

360 B. M. Khumawala and D. L. Kelly, WAREHOUSE LOCATION WITH CONCAVE COSTS. 

362 Antal Majthay and Andrew Whinston, QUASI-CONCAVE MINIMIZATION SUBJECT 
TO LINEAR CONSTRAINTS. 

366 Howard L. Fromkin. A SOCIAL PSYCHOLOGICAL ANALYSIS OF ORGANIZATION 
INTEGRATION. 

367 J. R. Marsden, D. E. Pingry and A. Whinston, ECONOMICS OF WASTE- 
WATER TREATMENT: THE ROI£ OF REGRESSION. 

368 Edgar A. Pes«emier and H. Paul Root. THE ROLE OF MODELS IN NEW PRODUCT 
PLANNING. 

370 James C. Moore, AXIOMATIC CHARACTERIZATIONS OF CONSUMER PREFERENCES 
AND THE STRUCTURE OF THE CONSUMPTION SET. 

371 Dan E. Schendel and Kenneth J« Hatten, BUSINESS POLICY OR STRATEGIC 
MANAGEMENT: A BROADER VIEt^ FOR AN EMERGING DISCIPLINE. 

372 Edgar A. Peasemier and William L. Wilkie, MULTI-AITRIBUTE CHOICE 
THEORY - A REVIEW AND ANALYSIS. 

373 Herbert Moskowitz and J. G. Miller, INFORMATION AND DECISION SYSTEMS 
FOR PRODUCTION PLANNING: AN INTER- DISCIPLINARY PERSPECTIVE. 



375 Randall L. Schultz, A COMPETITIVE PARITY APPROACH TO COMPETITION IN 
A DYNAMIC MARKET MODEL. 



378 Basheer M. Khumawala and David G. Dannenbring, AN IMPROVED METHOD 
FOR THE SEGREGATED STORAGE PROBLEM. 

379 Keith C. Brown, ON THE PROBABILITY OF WINNING IN A COMPETITIVE 
BIDDING THEORY. 




35 



I 



-5- 



381 E. E, Adam, Jr., W, L. Berry and D. C, Whybark. FORECASTING DEMAND 
FOR >EDICAL SUPPLY ITEMS USING EXPONENTIAL AND ADAPTIVE SMOOTHING 
MODELS. 

383 John Z. Drabicki and Aklra Takayatna, ON THE OPTIMAL GROWTH OF THE 
TWO SECTOR ECONOMY. 

384 Keith C. Brown, UNCERTAIN COSTS IN COMPETITIVE BIDDING. 



388 James C. Moore, PROFESSOR DEBREU'S "MARKET EQUILIBRIUM" THEOREM: AN 
EXPOSITORY NOTE. 

389 Jeffrey G. Miller and William L. Berry, THE ASSIGNMENT OF MEN TO 
MACHINES: AN APPLICATION OF BRANCH AND BOUND. 

390 David L. Ford, Jr., THE IMPACT OF HIERARCHY AND GROUP STRUCTURE ON 
INFORMATION PROCESSING IN DECISION MAKING: APPLICATION OF A NETWORKS/ 
SYSTEMS APPROACH. 

391 J. F. Nunamaker, Jr., W. C. Nylin, Jr. and Benn Konsynski, PROCESSING 
SYSTEMS OPTIMIZATION THROUGH AUTOMATIC DESIGN AND REORGANIZATION OF 
PROGRAM MODULES. 

392 J. F. Nunamaker, Jr., D. E. Swenson and A. B. Whinston, GPLAN: A 
GENERALIZED DATA BASE PLAIINING SYSTEM. 

393 Robert A. Meyer, Jr., SOME ASPECTS OF THE COMPUTATION AND APPLICATION 
OF FP.EQUENCY DOMAIN REGRESSION IN ECONOMICS. 

394 Herbert Moskowitz, EFFECTS OF PROBLEM REPRESENTATION AND FEEDBACK ON 
RATIONAL BEHAVIOR IN ALIAIS AND MORIAT-TYPE PROBLEMS. 

395 Herbert Moskowitz, A DYNAMIC PROGRAMMING APPROACH FOR FINDING PURE 
ADMISSIBLE DECISION FUNCTIONS IN STATISTICAL DECISIONS. 

396 James Marsden, David Pingry and Andrew Whinston, ENGINEERING 
FOUNDATIONS OF PRODUCTION FUNCTIONS. 

397 Herbert Moskowitz and Willibrord T. Silva, EFFECT OF SOCIAL INTERACTION 
ON HUMAN PROBABILISTIC INFERENCE. 

398 Frank M. Bass and William L. Wilkie, A COMPARATIVE ANALYSIS OF 
ATTITUDINAL PREDICTIONS OF BRAND PREFERENCE. 

399 Charles A. Tritschler, THE FINANCING - INVESTMENT FUNDS FUM. 

400 David L. Ford, Jr., Larry L. Cummings and George P. Huber, THE EFFECTS 
OF STRUCTURE ON GROUP EFFICIENCY AND INTERJUDGE AGREEMENT FOLIX)WING 
GROUP DISCUSSIONS. 



ERIC 



36 



402 Edna T. Loehman and Andrew Wliinston, FINANCIAL CONSTRAINTS ON 
REGUUTED INDUSTRIES. 

403 William L. Berry and Jeffrey G. Miller, HEURISTIC METHODS FOR 
ASSIGNMENT MEN TO MACHINES, AN EXPERIMENTAL ANALYSIS. 

404 David G. Olson and Gordon P. Wright. MODELS FOR ALLOCATING POLICE 
PREVENTIVE PATROL EFFORT. 

406 Edgar A. Pesscinier, SINGLE SUBJECT DISCRIMINANT CONFIGURATIONS. 

407 Donald R. Lchmann and Edgar A. Peaaemler, MARKET STRUCTURE MODELING 
VIA CLUSTERING AND DISCRIMINANT ANALYSIS : A PORTRAYAL OF THE SOFT 
DRINK MARKET. 

409 Edgar A. Pessemier and James L. G Inter, PROFILES OF MARKET SEGMENTS 
AND PRODUCT COMPETITIVE STRUCTURES. 

410 Darral G. Clarke and John M. McCann, MEASURING THE CUMULATIVE EFFECTS 
OF ADVERTISING: A REAPPRAISAL. 

411 Akira TaUayaraa, ON BIASED TECHNOLOGICAL PROGRESS. 

412 William L. Wilkie, RESEARClj/ON COUNTER AND CORRECTIVE ADVERTISING. 

413 Akira Takayama, ON THE ANALYTICAL FRAMEWORK OF TARIFFS & TRADE POLICY. 

414 K. R. Kadiyala and K.S.R. Murthy. ESTIMATION OF REGRESSION EQUATION 
WITH CAUCHY DISTURBANCES. 

415 Frank M. Bass, A REVISED VERSION OF THE THEORY OF STOCHASTIC PREFERENCE 
AND BRAND SWITCHING. 

416 Jo Ann J. Chanoux, ANALYSIS OF TIME-SHARING CONTRACT AGREEMENTS WITH 
RELATED SUGGESTED SYSii;!!'^ EVALUATION CRITERIA. 

417 Herbert Moskowitz and John Hughes, THE DESCRIPTIVE VALIDITY OF THE 
STATIONARITY ASSUMPTION IN TIME DISCOUNTING: AN EXPLORATORY STUDY. 

418 Robert V. Horton, A RESOURCE MARKET ENIGMA IN PRINCIPUES COURSES - 
SOME UNCHARTED LINKAGES. 

41? Dick R. Wittink, PARTIAL POOLING: A HEURISTIC, 

420 Randall L. Schultz and Joe A. Dodaon, Jr.. AN EMPIRICAL-SIMUUTION 
APPROACH TO COMPETITION. 

421 Howard L. Fromkin and Timothy C. Brock, EROTIC MATERIALS: A COmODITY 
THEORY ANALYSIS OF THE ENHANCED DESIRABILITY WHICH MAY ACCOMPANY THEIR 
UNAVAILABILITY. 



37 



I -7- 

^22 Albert R. Wtldt and Frank M. Bass, MULTIFIKM ANALYSIS OF COMPETITIVK 
DECISION VARIABLES. 

423 Rusaell M. Barefleld aad Eugene E. Comiskey, EARNINGS VARIABILITY AS 
m A RISK SURROGATE. 

424 Frank M. Bass, MARKET STRUCTURE AND PROFITABILITY - ANALYSIS OF THE 
APrROPRIATENESS OF POOLING CROSS -SECTIONAL INDUSTRY DATA. 

425 Charles W. King and George B, Sproles. THE EXPLANATORY EFFICACY OF 
SELECTED TYPES OF CONSUKER PROFII£ VARIABLES IN FASHION CHANGE AGENT 
IDENTIFICATION. 

426 Paul M. Nemlroff, GROUP DECISION-MAKlNf. PERFORMANCE AS INFLUENCED BY 
CONSENSUS AND SELF-ORIENTATION. 

427 Herbert Moskowitz, AN ALGORITHM FOR DETER>tlNING BAYESIAN ATTRIBUTE 
• SINGLE SAMPLING ACCEPTANCE PLANS. 

' 428 Herbert Moskowitz, SOME OBSERVATIONS ON THEORIES OF COLLECTIVE DECISIONS, 

, 429 Herbert Moakowitz and W. Murnighan, CENTRALIZATION VERSUS DECENTRALI- 

ZATION VIA REPORTS OF EXCEPTIONS : DESCRIPTIVE VERSUS NORMATIVE BEHAVIOR 
» IN A SIMULATED FINANCIAL ORGANIZATION. 



» 



430 Kent Wlback, Robert L. Dlpboye and Howard L, Fromkin, EXPERIMENTAL 
STUDIES OF DISCRIMINATION IN THE EVALUATION OF JOB APPLICANTS ' 
RESLTCS: I. REUTIVE IMPORTANCE OF SEX, ATTRACTIVENESS, AND 
SCHOUSTIC STANDING. 

431 A. Cooper, E. Denmszlo, K. Hatt^n, E. Hicks and D. Tock, STRATEGIC 
RESPONSES TO TECHNOLOGICAL THREATS. 

432 Robert 0. Edmister, COMMERCIAL LOANS AND DEPOSITS OF lARGE COmERCIAL 
BANKS. 

433 George B. Sproles and Charles W. King, THE CONSUMER FASHION CHANGE 
AGENT: A THEORETICAL CONCEPTUALIZATION AND EMPIRICAL IDENTIFICATION. 

434 W. L. Berry and D. Clay Whybark, RESEARCH PERSPECTIVES FOR MATERIAL 
REQUIRL>1ENTS PLANNING SYSTEMS. 

435 Edgar A. Pessemier, JOINT-SPACE ANALYSIS OF THE STRUCTURE OF AFFECT 
9 USING SINGLE -SUBJECT DISCRIMINANT CONFIGURATIONS: PART I. 



4 



ERIC 



436 Randall L. Schultz and Dennis P. Slevin, IMPLEMENTATION AND ORGANIZATIONAL 
VALIDITY: AN EMPIRICAL INVESTIGATION. 

437 John S. Hughes, OPTIMAL AUDIT PLANNING - PART I. 

438 Howard L. Fromkin, THE PSYCHOLOGY OF UNIQUENESS: AVOIDANCE OF 
SIMILARITY AND SEEKING OF DIFFERENTNESS . 

. 38 



^39 John A. McCann, Jeffrey G. Miller and Herbert Moskowitz, MODELING 
AND TESTING DYNAMIC MULTIVARUTE DECISION PROCESSES. 

440 David A. Ztllinger, Howard L. Fromkin, Donald E. Speller and Carol A. 
Kohn, A COMMODITY THEORY ANALAYSIS OF THE EFFECTS OF AGE RESTRICTIONS 
UPON PORNOGRAPHIC MATERULS. 

441 Jeffrey G. Miller, William L. Berry and Cheng-Yi F. Lai, A COMPARISON 
OF ALTERNATIVE FORECASTING STRATEGIES FOR MULTI-STAGE PRODUCTION 
INVENTORY SYSTEMS. 

442 William L. Berry and Vittal Rao» CRITICAL RATIO SCHEDULING: AN 
EXPERIMENTAL ANALYSIS. 

443 Leonard J. Parsons and Randall L. Schultz, THE IMPACT OF ADVERTISING 
ON THE AGGREGATE CONSUMPTION FUNCTIONS: I. PRELIMINARY RESULTS. 

444 Robert 0. Edmister, NEW BANK DEPOSIT GROWTH. 

445 Randall L. Schultz and Dick R. Wittink, THE MEASUREMENT OF INDUSTRY 
ADVERTISING EFFECTS. 

446 David L. Ford, Jr. AN EXAMINATION OF STRUCTURE AND GROUP POSITION 
CENTRALITY IN EXPERIMENTALLY CREATED HIERARCHIES. 

447 H. L. Fromkin, J. H. Goldstein and Timothy C. Brock, THE ROLE OF 
"IRRELEVANT" DEROGATION IN VICARiOUS AGGRESSION CATHARSIS: A FIELD 
EXPERIMENT. 

448 David L. Ford, Jr., EFFECTS OF GROUP STRUCTURE ON MEMBER ATTITUDES 
AND SATISFACTIONS IN DECISION CONFERENCES. 

449 Vincent A. Mabert, EVALUATING SCHEDULING DECISION RULES USING A 
FRACTIONAL FACTORUL DESIGN. 

450 Herbert Moskowitz and bavid J. Reibatein, CONDITIONAL VERSUS UN- 
CONDITIONAL ANALYSIS OF DYNAMIC DECISIONS. 

451 Wesley H. Jones and Edgar A. Pessemier, SINGLE SUBJECT DISCRIMINANT 
CONFIGURATIONS: AN EXAMINATION OF RELIABILITY, VALIDITY AND JOINT- 
SPACE IMPLICATIONS. 

452 Donald C. King and John J. Sherwood, MONITORING THE PROCESS AND 
EVALUATING THE RESULTS OF ORGANIZATION DEVELOPMENT. 

453 Frank M. Bass and Dick R. Wittink, POOLING ISSUES AND METHODS IN 
REGRESSION ANALYSIS WITH EXAMPLES IN MARKETING RESEARCH. 

454 Gordon K. Constable and D. Clay Whybark, THE COMBINED TRANSPORTATION 
AND INVENTORY POLICY DECISION. 

455 Frank M. Bass, AN EMPIRICAL ANALYSIS OF THE THEORY OF STOCHASTIC 
PREFERENCE . 



39 



I 



.9- 



456 Herbert MoskowUz and Gary Koeliier, IMPUTING PARAMF'iERS OF A PAYOFF 
FUNCTION FKON DECISION RULES ESTIMATED BY REGRESSION. 

457 David L. Ford. Jr., A BEHAVIORAL- DECISION Tl^EOHETlC APPROACH FOR 
COMPUTERIZED MAN-JOB MATCHING SYSTEMS. 

4 58 James C. Moore, REVEALED PREFERENCE AND OBSERVED DEMAND BEllAViOR. 

459 David L. Ford, .Tr.. ^VN INVESTIGATION OF A PARAMETRIC PROBABILITY 
MODEL FOR PREDICTING JOB PREFERENCES. 

460 John J. Shetwood and John J. Scherer» TliE DATING/MATING GAME: HOW 
TO PUY WITHOUT LOSING. 

461 Basheer M. Khujnawala. AN EFFICIENT HEURISTIC PROCEDURE FOR THE 
CAPACITATED WAREHOUSE LOCATION PROBLEM- 

463 Howard L. Fromkin and Ord Elliott, AN EVALUATION OF THREE YOUTH SERVICE 
BUREAUS: A STUDY OF INTERORGANIZAT TONAL INFLUENCE. 

464 Robert R. Tripp i and Basheer M. Khumawala, MULTl -ASSET FINITE HORIZON 
INVESTMENT RENEWAL PROBLEM. 

405 Vinod K. Sahney. H. Allan Knappenberger and ^^^^id L. Ford., Jr., 
^ SUBJECTIVE DECISION >tAKING UNDER CONFLICT OF INTEREST: A CAST STUDY. 

466 Robert Van Order, THE THEORY AND CONTROL OF INFLATION t X NEW- 
KEYNES LVN APPROACH. 

A67 Frank M. Bass and Abel Jeuland, STOCHASTIC PREFERENCE THEORY: 
DERIVATIONS AND COMPARISONS. 

468 Uwrence J. Ring, AN APPLICATION OF THE THEORY OF STOCHASTIC PRE- 
FERENCE TO BRAND SWITCHING BEHAVIOR IN THE- AUTOMOBILE MARKET. 

469 Howard L, Fromkin » T-.M f rov Brandt, Donald C. King, John J. Sherwood 
and Jeffrey Fisher, Ai\ i:. . ALUATION OF HUMAN RELATIONS TRAINING FOR 
POLICE. 

470 r.dgar A. Pessemier, STmOP : A MODEL FOR DESIGNING EFFECTIVE PRODUCT 
AND COMMUNICATION STRATEGIES. (Short Version) . 

471 B. M. Khuinawala, A. W. Neebe, D. C. Dannenbring, A NOTE ON EL-SHAIEB'S 
NEW ALGORITHM FOR LOCATING SOURCES AMONG DESTINATIONS . 

472 B. M Khuinawala. ALGORITHM FOR THE P-MEDLAN PROBLEM WITH MAXIMUM 
DISTANCE CONSTRAINTS: EXTENSION. 

473 B. M. Khumawala, A NOTE ON MULTIACTIVITY MULTIFACILITY SYSTEMS BY 
BRANCH AND BOUND. 

474 B. M. Khumawala. P. A. Pinto and D. G. Dannenbrlng. A BRANCH AND BOUND 
ALGORITHM FOR ASSEI-IBLY LINE BALANCING WITH PARALLELING. 

40 

o 

ERIC 



I 



-10- 



475 B. M. Khumawala and Umit Akinc, AN EFFICIENT BRANCH AND BOUND ALGORITHM 
FOR THE CAPACITATED WAREHOUSE LOCATION PROBUEM. 

476 Herbert Moskowitz, A RECURSION ALGORITHM FOR FINDING PURE ADMISSIBLE 
DECISION FUNCTIONS IN STATISTICAL DECISIONS. 

477 William L. Moore, A COMPARISON OF PRODUCT SPACES GENERATED BY MULTI- 
DIMENSIONAL SCALING AND BY SINGLE SUBJECT DISCRIMINANT ANALYSIS. 

478 Howard L. Fromkin, Jeffrey M. Brindt» Robert L. Dlpboye and Marilyn 
Pyle, NUMBER OF SIMILAR STRANGERS AND FEELINGS OF UNDISTINCTIVENESS 
AS BOUNDARY CONDITIONS FOR THE SIMILARITY-ATTRACTION RELATIONSHIP: 
A BRIDGE BETWEEN DIFFERENT SANDBOXES. 

479 Glenn Hueckel, RELATIVE PRICES, FACTOR SHARES, AND THE DISTRIBUTION OF 
RESOURCES: DATA SUPPLEMENT TO "WAR AND THE BRITISH ECONOMY, 1793-1815: 
A GENERAL EQUILIBRIUM ANALYSIS," EXPLORATIONS IN ECONOMIC HISTORY, X 
(1973). 

480 David J. Reibstein, Stuart A. Youngblood and Howard L. Fromkin, NUMBER 
OF CHOICES AND PERCEIVED DECISION FREEDOM AS A DETERMINANT OF SATIS- 
FACTION AND CONSUMER BEHAVIOR. 

481 Robert W. Johnson, THE RATIONALE FOR ACQUISITION OF FINANCE COMPANIES 
BY BANK HOLDING COMPANIES. 

482 Richard K. Anderson and Akira Takayama, METZLER PARADOX AND THE THEORY 
OF TARIFFS IN THE MONETARY ECONOMY. 

463 Jxivid L. Ford. Jr., JOB SEARCH IN THE LABOR MARKET FOR COLLEGE GRADUATES 
A i'0«T HOC ANALYSIS AND SOME NEW INSIGHTS. 

484 b. Clay Wiiybat-k, FUN WITH FINALS. 



ERIC 



41 



